Abstract Molecular observations reveal substantial biogeographic patterns of cyanobacteria within systems of connected lakes. An important question is the relative role of environmental selection and neutral processes in the biogeography of these systems. Here, we quantify the effect of genetic drift and dispersal limitation by simulating individual cyanobacteria cells using an agent-based model (ABM). In the model, cells grow (divide), die, and migrate between lakes. Each cell has a full genome that is subject to neutral mutation (i.e., the growth rate is independent of the genome). The model is verified by simulating simplified lake systems, for which theoretical solutions are available. Then, it is used to simulate the biogeography of the cyanobacterium Microcystis aeruginosa in a number of real systems, including the Great Lakes, Klamath River, Yahara River, and Chattahoochee River. Model output is analyzed using standard bioinformatics tools (BLAST, MAFFT). The emergent patterns of nucleotide divergence between lakes are dynamic, including gradual increases due to accumulation of mutations and abrupt changes due to population takeovers by migrant cells (coalescence events). The model predicted nucleotide divergence is heterogeneous within systems, and for weakly connected lakes, it can be substantial. For example, Lakes Superior and Michigan are predicted to have an average genomic nucleotide divergence of 8200 bp or 0.14%. The divergence between more strongly connected lakes is much lower. Our results provide a quantitative baseline for future biogeography studies. They show that dispersal limitation can be an important factor in microbe biogeography, which is contrary to the common belief, and could affect how a system responds to environmental change.
Introduction
Understanding the mechanisms underlying the production of biogeographic patterns and their dynamics is an important endeavor in ecology and evolution. Two general mechanisms are natural selection to environmental factors and neutral evolution coupled with dispersal limitation. For microbes with large population sizes and high dispersal rates, it is often assumed that natural selection is more important (i.e., Beverything is everywhere but the environment selects^ [1] ). However, dispersal limitation has been demonstrated for microbial communities in soil, freshwater, marine water, and other habitats [2] . Also, it was recently shown that neutral processes can produce biogeographic patterns at the global ocean scale [3] . Here, we explore the role of dispersal limitation in the biogeography of cyanobacteria in lake systems (i.e., lakes connected by streams or canals).
Several studies have explored the biogeography of microbes in systems of connected lakes. Van der Gucht et al. [4] explored dispersal limitation of bacteria within the De Maten system, a collection of small connected lakes, using 16S rRNA fingerprinting. Seven of the 42 operational taxonomic units (OTUs ) found in the system were present in all 11 lakes examined. After subtracting out the effect of environmental variables, space did not significantly explain any of the variability, Electronic supplementary material The online version of this article (doi:10.1007/s00248-017-0963-5) contains supplementary material, which is available to authorized users.
suggesting that the system is well connected. Miller, McMahon [5] investigated the cyanobacteria ecology in several connected lakes in the Yahara Watershed using molecular methods. They found that variability of community composition within lakes is greater than between lakes. Miller et al. [6] and Beversdorf et al. [7] also studied this system and found spatial variability of community composition within and between lakes. Davis et al. [8] explored genetic connectivity of Microcystis aeruginosa in Lakes St. Clair, Erie, and Ontario using the mcyA toxin gene. They found six groups at 99% identity that were present throughout the system, suggesting high connectivity. Dyble et al. [9] also found similar results when comparing mycB genes from Saginaw Bay (Lake Huron) and Lake Erie. Their study suggests that the difference in genetic composition could affect the produced microcystin toxin concentration values in each location. Zwirglmaier et al. [10] investigated the connectivity of bacteria in the Oster Lakes, a collection of small connected lakes, using 16S rRNA sequencing. At the 97% identity level, some OTUs were present throughout the system and others were confined to individual lakes. The distribution of OTUs was related to environmental parameters suggesting a role for environmental selection. The similarity of lake communities decreased with distance and neighboring lakes shared more OTUs than non-neighboring lakes, suggesting that dispersal limitation may also be a factor in this system. Otten et al. [11] investigated the connectivity of M. aeruginosa within the Klamath River, which includes a number of impoundments. Based on nucleotide identity of a highly conserved gene, they found a single population (OTU) at the 97% level, but multiple subpopulations when considering single nucleotide polymorphism (SNP). However, the temporal succession of these subpopulations is consistent across most of the system, which suggests that they are well connected in space. Hayden, Beman [12] studied the biogeography of the microbial community in a number of lakes in Yosemite National Park using 16S rRNA sequencing. They found that some of the variability can be explained by environmental variables as well as geographic distance, suggesting that both environmental selection and dispersal limitation may be important in this system. In summary, these empirical studies show that environmental selection as well as neutral processes may play a role in the biogeography of microbes in lake systems.
We propose that mechanistic modeling can also contribute to understanding the relative role of these processes in producing biogeographic patterns in these systems. Modeling natural selection is challenging, because the linkage between the genome and fitness is difficult to quantify. However, the mechanisms underlying neutral evolution and dispersal limitation, including growth, death, mutation, and transport, are relatively well understood for connected lakes (i.e., vs soil or unconnected lake systems), making it possible to make quantitative predictions without prior calibration (e.g., dispersal parameter, Condit et al. [13] ).
In the context of population genetics, lakes can be considered islands within a Bsea^of land [14] . The biogeography of island systems has been studied extensively from a theoretical perspective [15] . The basic Bisland model^is based on assumptions of equal population size and migration rate [16] . The theory is further developed by introducing the Bstepping stone modelŵ hich assumes that the migration rate between subpopulations is a function of their distance rather than a constant value [17] .
Although these analytical models can produce estimates of nucleotide divergence for numerous scenarios, their simplifying assumptions, such as symmetrical migration patterns and equal subpopulation sizes, are not applicable to natural lake systems. Typical phytoplankton ecology models can be used to predict biogeographic patterns produced by environmental selection [18] , but they generally use a population-level approach and implicitly assume Beverything is everywhere^so they cannot be used to simulate dispersal limitation. Numerical simulations, including Monte Carlo and agent-based models (ABM), are not constrained by these assumptions [3] .
Here, we explore the role of neutral processes in producing biogeographic patterns in cyanobacteria populations in systems of connected lakes. How much nucleotide divergence can be produced by neutral mutation and maintained by dispersal limitation? Are there any temporal or spatial patterns that arise from the properties of the system? We present an ABM that tracks individual cyanobacteria cells including their growth, death, mutation, and migration in natural lake systems with non-uniform properties (e.g., population size, migration rate). Biogeography is quantified as genomic nucleotide divergence and computed from the DNA sequence of the cells in the model. We apply the model to a number of lake systems, which shows that neutral processes can produce substantial biogeographic patterns in those systems.
Model Description
The model simulates a number of lake systems, including the Great Lakes, Klamath River, Yahara River, and Chattahoochee River (Fig. 1) . These systems were selected because they cover a range of characteristics (e.g., size, connectivity) and have been the subject of past microbe biogeography studies (i.e., they are test beds for studying microbial biogeography, see literature review above). The model methodology and input are described in this section (see Section S1 and S2 for details of the methodology and input).
Overview
The systems are generally sub-divided into individual lakes, although some lakes were omitted because they are small (e.g., Lakes Ewauna and Keno and Boyle Reservoir on the Klamath River) and some were divided into segments because they are large and/or have different characteristics (e.g., Western, Central and Eastern Lake Erie, Fig. 1 ). Each segment is represented as a well-mixed volume that supports a dynamic cyanobacteria population and is connected to others through advection and diffusion. Individual cells are simulated using an agent-based modeling (ABM) approach [19] . For model parameterization, M. aeruginosa is used as a representative species of cyanobacteria.
Transport
Cells are transported based on advection and diffusion migration rates in a stochastic manner. For example, the advection migration rate for cells from Northern Michigan (NM) to Northern Huron (NH) (k ma,NM,NH , /day) is calculated as the corresponding flow rate divided by the volume of Northern Lake Michigan. The probability of a cell advecting during a time step (Δt) is k ma,NM,NH Δt. For each time step and each cell, if a random number drawn from a standard uniform distribution is less than this probability, the cell is moved. Migration by diffusion is calculated in a similar manner based on a diffusion migration rate. Our simulations explore divergence over long time scales (e.g., up to 20 k years), and seasonal dynamics in transport are not resolved. For the Great Lakes, advection and diffusion migration rates are based on a previous water quality model [20] , and for other systems, advection migration rates are based on measured flow rates (see Section S2 for details). We assume that transport via the major natural connections of the lakes dominates and that other mechanisms, including minor waterways (locks and canals), air, birds, or boats (via roads or against currents) [21] , are not important. Those mechanisms do transport microbes and theoretically even a single microbe transported by them can take over the population of the destination lake and disrupt the population divergence. However, for the neutral case, this probability is proportional to the number of microbes transported (see Section S3). A conservative back-of-the envelope calculation illustrates that this is unlikely to be important for the bird scenario. Seventeen million waterfowl migrate annually through the Great Lakes (waterfowl days, [22] ). If it is assumed that each of them transports 1 L of water (or an equivalent amount of microbes) per day from Lake Ontario to Lake Erie, that would amount to 2.00E7 L. This is over seven orders of magnitude lower than the amount of water going the other way over Niagara Falls (2.00E14 L). By the same argument, import from sources outside of the lake system is unlikely to affect the neutral nucleotide divergence.
Growth and Death
Growth (division) and death events are stochastic. The probability of a cell dividing within a given time step is calculated based on a growth rate (k g , /day) in the same manner as advection is calculated above. The model uses a constant growth rate of 0.53/day based on estimates for phytoplankton in freshwater [23] . The death rate is assigned to simulate a constant population size in each segment. Theoretically, this could be achieved by using a death rate equal to the growth rate and correcting for inflow and outflow. However, since the growth, death, and transport processes are stochastic, there will always be a small net increase or decrease, resulting in a drift in the population size. To avoid this and stabilize the population, a feedback control is added to the death rate formulation. Specifically, the death rate varies from a base value (equal to the growth rate) with the population size in each segment. When the population size drops below a specified carrying capacity, the death rate decreases leading to a rise in population and vice versa. This approach allows us to simulate dynamic, but relatively constant population sizes in each segment. Population sizes are based on site-specific information (see Section S2). For example, for the Great Lakes, they are based on observed cyanobacteria concentration in each segment [24] .
The model does not resolve seasonal population dynamics. It assumes that cells are present in the water column and grow continuously. However, phytoplankton populations can exhibit strong temporal variability (succession, blooms), and some species or strains may only represent a substantial portion of the total population over a short time period (e.g., overwintering in the sediment bed, [25] ). Ignoring this variability does not introduce a significant error into our analysis for the following reason. When cells are absent from the water column (i.e., in the sediment bed), they do not grow or mutate and are not subject to transport (i.e., via outflow in the water column). Consequently, all processes in the model are Bon hold^. Explicitly considering this variability would effectively break up the time series of divergence (e.g., Fig. 2 ), but the long-term average nucleotide divergence would not be affected. Seasonal variability in the population size will also not affect the nucleotide divergence as long as the relative population sizes do not change (i.e., all segments exhibit the same temporal pattern) (see BDownscaling^section). We confirm this with time-variable simulations (see BResults and Discussion^section).
Genomes, Mutation, and Quantifying Divergence
Each cell has a genome consisting of an array of ATGC letters (nucleotides). The model can be run with an actual DNA sequence, and we present results from a simulation with the 5.84E6 bp M. aeruginosa genome (Fig. 4) . However, for computational convenience, we use a smaller synthetic 1.00E5 bp sequence of random nucleotides for most simulations (see Section S1).
At division, at a specified mutation rate (m, mutations/bp/ generation), a nucleotide may change. The mutation rate is based on a literature value for E. coli (m = 5.4E-10 mutations/bp/generation), which should be a good estimate for M. aeruginosa considering the similar genome sizes (E. coli: 4.64E6 bp, M. aeruginosa: 5.84E6 bp) [26, 27] . Several estimates of point mutation rates for stress resistance in M. aeruginosa are available ( [28] . However, those rates were obtained using fluctuation analyses, which is subject to bias [32] . Also, the values are much higher than those for E. coli, which is inconsistent with the observation that mutation rates are similar for microbes with similar genome sizes [26, 27] . We suspect that the mutation rates may be higher at these resistance loci and do not reflect a genomewide average, which is what is required by the model. Our results can readily be converted for different mutation rates (see BResults and Discussion^section). The mutation rate was increased to account for base pair changes by recombination. Estimates of the relative rate of recombination to mutation (r/ m) were developed for a number of prokaryotes, including M. aeruginosa (r/m = 18.3), using a coalescent-based method implemented in the ClonalFrame program [33, 34] . M. aeruginosa has a relatively high r/m ratio, ranking 7th out of 48 prokaryotes summarized by Vos, Didelot [33] , but it also is the only free-living freshwater cyanobacteria on that list. The corresponding value was added to the mutation rate (m + r = 1.04E-8 changes/bp/division).
The model writes the genomes of a sample of cells from each lake at a specified time interval to a file. They are then analyzed using BLAST to yield their average nucleotide identity (1-π ). We quantify biogeography as the average nucleotide divergence (δ ), which is the amount of nucleotide difference between two populations that can be attributed to dispersal limitation among them. It is calculated as the difference between the total nucleotide difference (π xy , based on a sample of cells from both segments x and y) and the local nucleotide diversities (π x ; π y , based on a sample of cells from segments x and y only) [3] .
Downscaling
The model simulates individual cells. However, the large number of cells present in natural lakes prevents simulation of all individuals; so, a representative number of individuals are simulated. This downscaling does not affect the results, because the nucleotide divergence between two lakes is a function of the relative and not the absolute population size ( [3] , see Section S4). However, the total nucleotide difference (π xy ) and local nucleotide diversities (π x ; π y ) depend on absolute population size; so, the model does not make realistic predictions about these parameters. To verify our model, it is applied to a number of simplified scenarios, and the results are compared to those of theory (see Section S3).
Results and Discussion

Temporal Pattern for Two Segments
The nucleotide divergence between two segments exhibits some interesting population genetic patterns as illustrated by Lakes Superior (SUP) and Southern Michigan (SM) (Fig. 2) . The simulation starts with all cells having the same genome. Due to independent evolution of the populations in the lakes, their nucleotide differences accumulate continuously in a clock-wise manner. Cells constantly migrate between the segments. The model is neutral; so, a migrant cell has the same chance of survival as any other cell in the segment. However, since it is vastly outnumbered by the resident cells, its chance of establishment and taking over the population is low. Most migrants and their offspring die and the divergence continues. A migrant population may grow and temporarily become a significant fraction of the total population, which can result in a transient decrease in divergence. Occasionally, a migrant may take over the entire population of the destination lake, causing an abrupt complete drop in the nucleotide divergence between the lakes. These are referred to as coalescence events. The divergence then increases gradually again and the pattern repeats itself. The takeovers are random events that occur at a frequency depending on the system topology, relative population sizes, and migration rates (see Section S3 for equations corresponding to simplified systems).
Temporal Patterns at the System Scale
The dynamics of nucleotide divergence at the scale of the entire system reveals the connectivity among the lakes. This is illustrated in Fig. 3 using the nucleotide divergence between Western Erie (WE) and other segments of the Great Lakes. When comparing all segments, a sawtooth pattern is evident, reflecting system-wide divergence and coalescence events (Fig. 3a) . The divergence in the system is dominated by the divergence between SUP and SM. Downstream lakes generally have low divergence to one of these lakes and higher divergence (corresponding to the divergence between SUP and SM) to the other.
Looking more closely at the divergence between Western Erie and the two upstream lakes of this branched system, Lakes Superior and Michigan, again shows a sawtooth pattern for the maximum divergence (Fig. 3b, note different scale) . This reflects the divergence of SUP and SM/NM populations (see previous paragraph). SM-WE and NM-WE pairs follow a fairly similar pattern of nucleotide divergence since SM and NM are relatively well connected. Interestingly, WE switches between the upstream lakes. This reflects alternating takeovers of the WE population by cells from SUP and SM/NM. For example, around 100 years, the divergence with SM/NM is low and that with SUP is high. Then, the pattern flips around 110 years because of a takeover by a cell from SUP which reduces divergence with SUP and increases divergence from SM/NM. This pattern emerges, because the frequency of coalescence events between WE and SM/NM or SUP is higher than that between SM/NM and SUP. A coalescence event between SUP and SM therefore results in a drop in divergence across the system. For lakes that are closer together, Lakes Huron, Erie, and Ontario, the divergence is lower and more variable, reflective of their higher connectivity (Fig. 3c ). An increase in divergence within Erie (CE-WE, EE-WE) is often preceded by increased divergence between Huron (NH-WE, SH-WE). This is because takeovers follow the flow direction and occur first in Huron and then Erie.
Dynamic Phylogeny
The dynamics of divergence between the segments is also evident in phylogenetic trees generated from the genomes of the model cells (Fig. 4) . The model writes the genomes of a randomly selected cell from each segment to a file. These files are then analyzed using MAFFT and BIO::Phylo bioinformatics tools to generate a phylogenetic tree. The M. aeruginosa genome, which was used to initiate this simulation, is also included (MC in Fig. 4a, b) . The divergence vs time plot (Fig. 4c) shows that, at year 305, the divergence between SUP and NM is relatively high and that between SUP and WE is low (indicating that the WE population is presently of SUP origin). This is also reflected in the phylogenetic tree (Fig. 4a) . At year 365, SUP and NM have recently experienced a coalescence event. The divergence between SUP and NM is relatively low and that between SUP and WE is similar (indicating that the WE population is presently of NM origin), which is also reflected in the corresponding phylogenetic tree (Fig. 4b) . Overall, the phylogenetic tree at the later time, which follows more closely a coalescence event, has shorter branches, consistent with the idea of a system-wide takeover (see previous section). Despite the periodic collapse of the tree for the model segments, the divergence with the original M. aeruginosa genome continues to grow as the system moves forward in time. See Movie S1 for an animation covering the whole 500-year simulation period. 
Spatial Patterns
The spatial pattern of average nucleotide divergence reflects the system topology. Figure 5a presents the average nucleotide divergence (δ, bp/1 Mbp) between each of the segments for the Great Lakes system. SM and NM share a large open boundary, and their populations are relatively well-mixed, and consequently, their nucleotide divergence is relatively low. SUP and NM are both upstream of NH and downstream from there; the system follows a linear flowpath. That means that NM and SUP are not connected by advection but only by diffusion (via NH) with relatively low rates. Consequently, the average nucleotide divergence of SM/NM and SUP segments is higher than the rest of the system. The spatial patterns predicted by the model are intuitively correct. For example, the nucleotide divergence increases with distance upstream of ONT-a typical distance-decay pattern (Fig. 5a , right column). Segments within the same lake (e.g., SM-NM or WE-CE-EE) have relatively low divergence. The connectivity among segments is a function of the migration rates and relative population sizes. This can also be expressed as a relative import rate [35] which is the rate of cell import divided by the rate of cell growth. Due to the large population size in WE, the relative import rate is only 0.19%, and the divergence with SH is relatively high (235 bp/1 Mbp). The relative import rate of ONT is 0.38%, and the divergence with EE is lower (89 bp/1 Mbp). Sensitivity analysis on the growth, mutation, and transport rates shows that the average nucleotide divergence is proportional to the growth and mutation rates and approximately inversely proportional to the transport rates (see Fig. S5 ). This is in agreement with theory (Eq. S3-4 and Eq. S3-7). The corresponding range in divergence for SUP-SM for growth rates (0.15-0.9/day, [23] ) are 393-2186, for mutation rates (using r/m 13.7-21.2, [33] ) are 1106-1624, and for transport rates (varies by interface) are 796-1757. We also performed simulations with overwintering and seasonally variable populations to confirm that those factors do not change the nucleotide divergence (see BModel Description^section, Fig. S5 ).
The predicted average nucleotide divergences are quite heterogeneous within the Great Lakes system, ranging from 10 (SM-NM) to 1378 (SUP-SM) bp/1 Mbp. This highlights the effect of the topology and individual properties of lakes (or segments) and their connectivity and the need for a model that accounts for these factors.
Overall, the magnitude of nucleotide divergence is relatively low. The largest divergence is predicted between Lakes Superior and Michigan at about 1400 bp/1 Mbp (0.14%), which equates to 8200 bp for M. aeruginosa. The magnitude of the divergence corresponds 99.86% average nucleotide identity which is substantially above what is often considered to be a species (>95% identity, [36] ).
These results are not directly comparable to observations, because real genomes are subject to environmental selection, which could maintain differences (if local environmental factors are different) or reduce them (if a strongly beneficial mutation sweeps through the entire system). However, our results provide a baseline for the effect of neutral processes in the divergence between these lakes. When two M. aeruginosa cells are sequenced from Lakes Superior and Michigan and their genomes are compared, 8200 of the bp differences can be attributed to neutral evolution. Anything further would have to be due to environmental selection.
Comparison Among Lake Systems
The lake systems simulated here vary in topology and properties (i.e., population size, migration rate, Fig. 1 ), which affects the predicted biogeographic patterns. One important factor is diffusion in a branched system. In the Great Lakes, SM/NM and SUP are connected via NH by diffusion, which allows for coalescence events. In the Yahara River, WIN and MEN are not connected by diffusion. Therefore, the model will not predict coalescence for these segments, and their nucleotide divergence will increase indefinitely (Fig. 5d) .
Connectivity is also a function of flow rate and relative population sizes. For example, in the Yahara River system, WIN and MEN are both upstream of MON, and they have comparable flow rates. However, the model predicts no coalescence between WIN and MON in the 20,000-year simulation period. Interestingly, this is not due to weak connectivity between these lakes (the theoretical coalescence time is about 50 years, see Section S3), but a result of overwhelming input of cells from MEN (due to larger population size). The relative import rate with respect to MEN is 9%, which means 9% of the cells in MON were born in MEN. Thus, the population of MON is dominated by input from MEN, and frequent takeovers from that population do not allow for or interrupt any takeovers from the WIN population. The large influx of cells from MEN Bprotects^MON from takeovers by WIN. This highlights complexity of real systems and limitations of existing theoretical approaches. Theoretical takeover rates and relative import rates suggest that these two segments are relatively well connected, but the full model, which accounts for the complexity, shows that they are not connected.
The segments of the Chattahoochee River have similar population sizes and high flow rates (see Section S2). This high connectivity results in relatively low and uniform average nucleotide divergence (Fig. 5c) .
Overall, the system-wide average nucleotide divergence varies over three orders of magnitude in the order Great Lakes > Klamath River > Yahara River > Chattahoochee River. This is consistent with the average relative import rate of these systems. For segments that are directly connected, the average nucleotide divergence correlates with the relative import rate (Fig. 6) . The values differ from the theoretical relationship for a simple two-box model (see Section S3). Differences can be explained by several factors, including diffusion, branching, and number of segments. When there are more than two segments in series, the divergence between segments 2 and 3 can be affected by takeovers of segment 2 by cells from segment 1, which is not considered in the simplified theory.
Relation to Other Species and Systems
These results are specific to M. aeruginosa and the four lake systems studied here. They can be related to other species in these four systems, because the divergence is proportional to the growth and mutation rates (see above). This would require estimates of growth and mutation rates. The growth rate we use is a general estimate for freshwater phytoplankton [23] , but the mutation rate is specific to M. aeruginosa (using m from E. coli and r/m for M. aeruginosa). Estimates of r/m for 48 bacteria and archaea are available from Vos, Didelot [33] , but M. aeruginosa is the only free-living, freshwater cyanobacteria in this database.
Relating these results to other systems will be more difficult, because the divergence is a function of the system topology, population sizes, and transport rates. For a simple twolake system with one way upstream to downstream connection, the nucleotide divergence is proportional to the population size of the downstream lake and inversely proportional to the population size of the upstream lake (see Section S3.3).
These results can be compared to those obtained previously for the heterotroph Pelagibacter ubique in the global ocean [3] . For example, there we found an average divergence of 0.2% between Hawaii and the Gulf of Alaska. Some of the difference can be attributed to a lower growth rate (0.14/day, 4× lower, corresponds to lower divergence) and higher mutation rate (3.5E-8 changes/bp/division, 3× higher, corresponds to higher divergence) in the ocean simulation. However, the effect of these differences approximately cancels out and the comparison suggests that the connectivity of Lakes Superior and Michigan and that of Hawaii and the Gulf of Alaska are of similar magnitude.
Summary and Outlook
For microbes, biogeographic patterns are often assumed to be due to environmental selection and neutral processes are considered less important. We explored the role of neutral evolution and dispersal limitation in producing biogeographic patterns for cyanobacteria in systems of connected lakes using an agent-based model. Application to the Great Lakes and other lake systems showed that neutral processes can produce substantial biogeographic patterns. Dispersal limitation can have important consequences for how a lake may respond to change, like nutrient input or climate. In the absence of dispersal limitation, it can be assumed that a lake may instantaneously adopt a new population that is best suited for the new conditions. However, when there is dispersal limitation, there may be a time lag until the new fittest species can establish itself. For example, a warmer climate may favor a different cyanobacteria population in Lake Huron. Good candidates may be the population from more southern lakes of the system, like Lake Erie. Dispersal limitation suggests that this migration may not happen instantaneously. The level of divergence between populations predicted here can be important. For example, the presence/absence of a toxin-producing gene may have important consequences for environmental and public health [9] . Our results provide a quantitative baseline of neutral nucleotide divergence that can complement past and future observations in these test bed systems.
Our model constitutes a significant step in realism compared to existing theoretical approaches. Specifically, by allowing for any topology and non-uniform population sizes and migration rates, the model is able to make predictions for real systems, which is not possible using existing models (e.g., stepping stone model). A distinguishing feature of the model is that it simulates individual cells with whole genomes, which opens it up to analysis using standard bioinformatics tools, like BLAST and MAFFT. The model system or microbes are thus analyzed in the same manner as their real-life counterparts. We expect that as our models become more realistic, the workflow around them will become more similar to that around observations. However, the present model is still relatively simple and there is room for improvement. First, our simulations use constant population sizes and migration rates. We showed that simple time-variable patterns, like overwintering or seasonal dynamics, do not affect the nucleotide divergence at the time scale considered here. However, it is possible that the interaction of migration rates and population sizes can affect dispersal. An example is the tendency of cyanobacteria to bloom during dry, low flow periods. The systems investigated here do exhibit strong seasonal patterns in Microcystis, but the flow rates corresponding to the blooms are still about 83% of the average (June-October, Klamath River). For other systems, this may be an important factor. At longer time scales, the gradual natural or anthropogenic eutrophication, climate change, invasive species (e.g., zebra mussel invasion), or management actions (e.g., wastewater treatment, phosphate detergent ban) may play a role. Further, our model does not include environmental selection. Selection can be simulated at the gene level [37] , but at the genome scale, this would require relating the DNA sequence to the Fig. 6 Correlation between model-prediced average nucleotide divergence (δ) and relative import rate (R I ). Only directly connected pairs are included. WIN-MON is excluded because no coalescence event was observed during the simulation (see text). 2-Box theory is δ = 2 k u / (ln2 R I ), where k u is mutation rate per genome per generation, see Section S3 growth or death rates. Although there are examples where individual basepair changes have been related to function of proteins (e.g., Proteorhodopsins, [38] ), this is not yet possible at the genome scale. However, genome's wide properties, like the GC content, can be related to growth rate [39] , and the present model could be modified to simulate this.
These results and those for the open ocean reported previously [3] suggest that neutral processes are substantial, but relatively weak drivers of microbe biogeography in these well-connected systems. Predicted average nucleotide divergence is generally <0.5%, although for some segments that are not or very weakly connected, the model does not predict a coalescence event. This level of divergence is below typical species delineation of >5% [36] . However, observations increasingly resolve small differences in genomic content [40] , and neutral processes need to be considered when explaining biogeographic patterns.
